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Abst rac t - -Th is  paper proposes an improved genetic algorithm (GA) with multiple crossovers to 
estimate the system coeffÉcients for the infinite impulse response (IIR) digital filter. In the traditional 
crossover operation, it needs two parent chromosomes to achieve the crossover work, whereas in this 
paper the proposed algorithm selects three chromosomes for crossover in order to generate more 
promising offspring toward the problem solution. Each of unknown IIR coefficients i called a gene and 
the collection of genes forms a chromosome. A population of chromosomes is evolved by the genetic 
operations of reproduction, multiple crossover, and mutation. Finally, two illustrative examples 
including 5he band pass and band stop IIR filters are demonstrated to verify the proposed method. 
@ 2006 Elsevier Ltd. All rights reserved. 
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1, INTRODUCTION 
In the field of the digital signal processing, the digital filter design is a basic but an important 
research topic. The most important meaning of the filter is that  it can reserve some desired 
frequency and remove out other parts when an external  input  signal is to pass this filter. Common 
categories of filters include tile low pass, high pass, band pass, band stop, and so on. For example, 
the main function for the band pass filter is that  allows a band of frequencies to pass, whereas a 
band stop filter is to allow all frequencies outside a band to pass. For the digital  signal fi ltering, 
two types of digital filters including the finite impulse response (FIR) and infinite impulse response 
(IIR) digital  filters are often considered. The new output  of the F IR  filter is produced by only 
using the present and past input data. However, the new output  of the I IR  filter is not only 
influenced by the present and past inputs, but also by the past outputs.  For a given fi ltering 
characterist ic,  an F IR  filter may require many terms to achieve the desired characterist ic,  whereas 
an I IR  filter general ly needs fewer terms to achieves the same goal [1]. 
The GA that  is based on the type of model ing the natura l  evolut ion is a powerful searching 
tool for opt imal ly  solving an opt imizat ion problem over tile search domain [2,3]. There are two 
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different kinds of numerical coding, including the binary and real-valued coding, for genetic oper- 
ations. In the binary GA, all system parameters of interest must be encoded as a representation 
of binary bits, and these binary bits are evolved to generate new offspring. In [4], they applied 
the binary GA method to estimating the locations of poles and zeros of a transfer function, and 
then used this estimated model to design a discrete time pole placement adaptive controller. In 
[5], a global estimation for multichannel time-delay and signal parameters by a binary genetic 
approach was also proposed in the frequency domain. Furthermore, Ma and Cowan [6] presented 
a binary GA to the adaptation of IIR filters, including cascade, parallel, and lattice structures. 
In contrast o the binary GA method, another eal- coded GA has been also applied to a wide 
variety of fields [7-15]. In the case all genes in a chromosome are the form of real numbers. It 
is more suitable for solving the real optimization problems, and may overcome the drawback of 
loss of precision resulted from a real number changing to the binary bits occurred in the binary 
GA. Besides, a real-coded GA is also easy to be implemented by the computer programs over 
the binary GA. In the digital filter design, Tzeng and Lu made use of the real- coded GA for 
designing arbitrary complex FIR digital filter considered in the frequency domain [13] and for de- 
signing two-dimensional FIR filters for sampling structure conversion [14]. In [15], Xu and Daley 
proposed a parallel genetic algorithm to design a direct form of a finite word length FIR low pass 
digital filter. In the present work, we propose an improved real-coded GA to accurately identify 
IIR digital filter coefficients. Unlike the general crossover operation by using two chromosomes, 
a multi-crossover formula will be proposed. All unknown filter coeffÉcients are collected as a 
chromosome, and a population of these chromosomes will be evolved by using genetic operations 
of reproduction, multiple crossover, and mutation. 
2. I IR  F ILTER 
The coefficients estimation of IIR filters is considered in this article. These require past and 
present inputs as well as past outputs to generate ach new output. A convenient expression for 
the IIR filter is given by 
N M 
y[n] = E aKy[n -- k] -4- E bkx[n -- k] 
k=l  k=0 
= a ly [ r t  -- 1] -~- a2y[7~ -- 2] +. . .  -I- aNy[n  --  N]  -b b0x[n]  
+ blain - 1] + b~[~ - 2] . . .  + bM~[~ - M], 
(1) 
where z is the external input signal that will be filtered, y is the output of the IIR filter or a 
filtered signal by this filter, N is the number of past outputs required, normally referred to as the 
order of the filter, M is the number of past inputs required, ak and bk are weights that determine 
the contribution of each output and input sample. These weights are called filter coefficients. IIR 
filters make use of both the ak and bk in order to permit a great deal of flexibility for filter shape 
design and to use fewer coefficients than FIR filters. In this study, the numbers of N and M of 
the IIR filter are assumed to be previously known for simplification. 
Assume that an undetermined IIR filter that will match the system of (1) is given by 
N M 
k=l  k=0 
= a l~[~ - 1] + a2~[n - 2] + . . .  + aN~[~ -- NI 
+ ~0x[T~l + ~lx[~ - 1] + g2~[~ - 21"" + gM~[~ -- M], 
(2) 
where z) is the output of the undetermined filter, ak and bk are the estimated coefficients found by 
the use of the proposed GA to approximate he actual values of ak and bk. For simplification, let 
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0 =- [01, 02 , . . .  , 0m] = La~, a~, , aN,/~0,/~, , g, MJ be a new estimated coefficients vector and 
where m = N + M + 1 is the total number of unknown filter coefficients. From the evolutionary 
point of view, O is called a chromosome and all 0i, for i C m and m = {1, 2 , . . . ,  m}, in 0 stand 
for genes. 
3. F ILTER COEFF IC IENT EST IMAT ION 
BY  A MULT IPLE  CROSSOVER GA 
To begin with the proposed genetic operations, an objective function should be defined and in 
accordance with this function to guide its search. The sum of square error (SSE) is taken as an 
objective function, which is given by 
T T 
n=0 n=0 
(3) 
where T is the sampling number. The purpose of this paper is to find the optimal model coef- 
ficients in (2) such that the SSE in (3) is minimized as much as possible. Figure 1 shows the 
simple estimation architecture for the I IR digital filter by using the proposed algorithm. 
IIR filter in (1) Y 
X l -F e 
discrete time t 
signal estimated IIR .~ - 
filter in (2) 
A multiple 
crossover real- - -  
coded GA 
Figure 1. Architectures for IIR filter coefficient estimation using a multicrossover 
GA. 
3.1. Search  Space for F i l ter  Coeff ic ients 
The coefficient estimation for the I IR digital filter starts with a given population which contains 
a number of random chromosomes generated from the defined search space. Each chromosome 
in the population represents a set of possible solution for I IR filter estimation problem. A search 
space for 0 is defined by 
~O = {(~ E ~/~] 101 min, 02 rain ~ 02 ~ 02 . . . . .  . . . ,  0 .. . . .  in -~ 0rn ~ 0 . . . .  } .  (4) 
All genes 8i, for i E m, in a chromosome will be evolved in the search space t~e during genetic 
operations. If the chromosome produced goes beyond f~o, then the original chromosome is
retained. In the following development, let S represent he number of chromosomes in the 
population, i.e., the size of population, and parameters Pr Pc, and Pm be the probabilities of 
reproduction, crossover, and mutation, respectively. 
3.2. Reproduction 
In the reproduction operation, there are two well known selection mechanisms: one is the 
roulette wheel selection and the other one is the tournament selection. The roulette wheel 
selection can be visualized by imagining a wheel where each chromosome occupies an area that is 
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related to its value of objective function. When a spinning wheel stops, a fixed marker determines 
which chromosome will be selected to reproduce [81 . This kind of selection mechanism needs more 
numerical computations. However, the tournament selection is simpler than the roulette wheel 
selection. In this selection, p~ x N chromosomes with better SSE values are dupl icated into the 
population, and the same amount of chromosomes with worse SSE values are discarded from the 
population. This keeps the same population size. 
3.3. Crossover  
T rad i t iona l  c rossover  
In the tradit ional  crossover, it usually needs two parent chromosomes to complete the crossover 
procedure. Suppose that chromosomes (92 and (92 are chosen to be the parent chromosomes and 
c E [0, 1] is a random number. If c >_ Pc, then the following crossover for (91 and (92 are performed, 
if SSE(01) < SSE((92) 
(~i = (91 + 7"((91 -- (92), (9~ = (92 + 7"((91 -- (92) , (5) 
else 
(9~ = (9~ + ,-((9~ - (9~), (% = (92 + ~((92 - (91), 
where SSE((9~) and SSE((92) represent values of SSE obtained from (9~ and (92, respectively, 
r E [0, 1] is a random value determining the crossover grade. Figures 2 and 3 show the vector 
changes, respectively. If c < Pc, no crossover operation is performed. 
o 
  J g ,  
Figure 2. SSE(O1) < SSE((~2). 
Mul t ip le  c rossover  
OL ~',,"~02-0, 
Figure 3. SSE((~I) > SSE(O2). 
Different from the tradit ional  crossover, a novel crossover formula that  contains three parent 
chromosomes i  proposed in this study. We assume that chromosomes O1, 02, and (93 are selected 
fl'om the population randomly and SSE((91) is the smallest among three SSE values. Also, let 
c be a random number selected from [0, 1]. If c > Pc, then the following multiple crossover are 
performed to generate new chromosomes 
(94 = (91 + r(2@1 - (92 - O3),  
(9~ = (92 + ~-(2(91 - (92 - (gz) ,  (6) 
(93 = (93 -~- r(2(91 -- (92 (93), 
where 7' E [0, 1] is also a random value determining the crossover grade. If c < Pc, no crossover 
opcration is performed. It is clear from Figure 4 that the resulting adjusted vector (2(91 -02-  (93 
is a combination of vectors (91 - (92 and 6) 1 - (93. 
(O,-OJ + (O,-O3) 
i 3 
Figure 4. A modified adjusting vector by the proposed multiple crossover. 
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3.4. Mutat ion  
The last genetic operation is the mutation which provides a possible mutation on some selected 
chromosomes 0. Only the randomly selected P~r~ × N chromosomes are needed to be mutated. 
The mutation formula is given as follows 
0 '8  + ~ x ~5, (7) 
where cr is a small positive constant and ~5 E 9l M is a random perturbation vector. 
Performing the above three evolutionary operations for the whole population one time is called 
a generation. The algorithm stops if the prespeeified number of generations G is achieved. It is 
worthy to notice again that if the resulting chromosome by using genetic operations i outside the 
search space f~e, the original chromosome is retained. Based on using the proposed multicrossover 
GA, the whole design steps for IIR filter coefficient estimation GA can be summarized as follows. 
Data: An actual IIR filter in (1), sampling number T in (3), parameters 01 rain, 01 ma×, 02rain, 
02max , . . . ,  0mmin  , and Ommax in (4) for search space f~e, population size S, prob- 
abilities of reproduction p~, crossover Pc, and mutation Prn, parameter a in (7), and 
number of generations G. 
Goal: Search for estimated IIR filter coefficients shown in (2) such that the value of SSE in 
(3) is minimized. 
I. Create a population with the size of S chromosomes, in which all genes (filter coeffi- 
cients) are randomly generated from f~e. 
II. Evaluate the SSE value of (3) for each chromosome in the population. 
III. If the prespecified number of generations G is reached, then stop. 
IV. Carry out operations of reproduction, mltiple crossover in (6), and mutation in (7). If 
any resulted chromosome during these operations is outside the f~e, then the original 
is kept. 
V. Go back to Step II. 
4. I LLUSTRATIVE  EXAMPLES 
Two kinds of illustrative xamples including the band pass and band stop IIR filters are given to 
show the validity of the proposed method. In the following simulations, the parameters employed 
in the GA operations are listed in Table 1, and the external input signal x[n] which will be filtered 
is given by 
x[n] 5 cos n + ~ cos \ -~- ]  , for n = 0, 1, 2 , . . . ,  50. (8) 
Table 1. Parameters  ett ing employed in the GA operations. 
I ..... '1 Values 50 30 0.2 0.3 0.2 0.005 ( -1 .0 ,  1.0) 
EXAMPLE 1. Consider an actual band pass IIR filter that will be estimated given by 
y[n] = -0.5926y[n - 1] - 0.1193y[n - 2] + 0.4404x[n] - 0.4404x[n - 2]. (9) 
From (9), we know that the actual filter coefficients are al = -0.5926, a2 = -0.1193, b0 = 0.4404, 
and b2 = -0.4404. Based on using the above proposed esign steps for IIR filter coefficient estima- 
tion, several numerical simulations and comparisons are made. To demonstrate he effectiveness, 
Table 2. Compar isons between the proposed and tradit ional  crossovers for the band 
pass I IR filter est imat ion in Example 1. 
Actual  values -0.5926 -0 .1193 0.4404 -0 .4404 
The  proposed method -0 .5927 -0 .1197 0.4403 -0 .4400 
The tradit ional  method -0 .5423 -0 .2267 0.4310 -0 .2827 
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Figure 5. SSE convergence trajectories between the proposed and traditional cross- 
overs for Example 1. 
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Figure 6. Tuning trajectories of filter coefficients by using the proposed method for 
Example 1. 
the  proposed and  t rad i t iona l  crossovers are compared  as l isted in Tab le  2. Wi th  respect  to the 
number  of generat ions ,  F igure  5 shows the convergence t ra jector ies  of the  ob ject ive  funct ion by 
using these two methods .  It  is obvious that  all of f i lter coeff icients are approx imated  accurately.  
Final ly,  the  tun ing  t ra jector ies  of f i lter coefficients obta ined  f rom the  proposed mul t ip le  crossover 
are p lo t ted  in F igure  6, and  the  f inal s teady-s ta te  values converge to  those l isted in Table  2. 
]~XAMPLE 2. In cont ras t  to the band pass fi lter shown in Example  1, another  k ind of band stop 
I IR  f i lter es t imat ion  is also i l lustrated.  An  actual  difference equat ion  for the  band stop I IR  is 
given by 
y[n] = 0 .5926y[n  - 1] 0 .1193y[n-  2] 0.5597x[n] + 0.5926x[n - 1] = 0 .5597x[n-  2]. (10) 
Also, we have a l  = -0 .5926,  a2 = -0 .1193,  b0 = 0.5597, bl = 0.5926, and  b2 = 0.5597. After  
car ry ing out  the proposed method,  some s imulat ion  resul ts  are l isted in Tab le  3 and  also shown 
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in Figures 7 and 8, respectively. Again, we can conclude that the proposed method gives a 
satisfactory estimation than the traditional crossover for such the band stop I IR filter. 
Table 3. Comparisons between the proposed and traditional crossovers for the band 
stop IIR filter estimation in Example 2. 
Actual values -0.5926 0.1193 0.5597 0.5926 0.5597 
The proposed method -0.5927 -0.1193 0.5598 0.5928 0.5598 
The traditional method -0.4586 -0.0679 0.5798 0.5980 0.5624 
0.35 , , " " "  , 
traditional crossover 
proposed crossover 
c~ 
, -  .............. ; .......... ::- 
00 50 10O 160 200 250 
Generation 
Figure 7. SSE convergence trajectories between the proposed and traditional cross- 
overs for Example 2. 
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Figure 8. Tuning trajectories of filter coefficients by using the proposed method for 
Example 2. 
5. CONCLUSIONS 
In this paper, the whole design steps for I IR digital filter coefficient estimation have been 
proposed. Different from the previous method, a novel crossover with three parent chromosomes 
can provide a better adjusting vector on chromosomes to generate more excellent offspring. In the 
1444 W.-D. CHANG 
I IR digital filter estimation, all of filter coefficients are directly regarded as genes and a collection 
of genes constitute a chromosome. With the use of the proposed method, three genetic operations 
of reproduction, multiple crossover, and mutation are utilized to evolve these chromosomes in 
the population such that tile defined objective function is minimized. The effectiveness of the 
proposed multiple crossover is verified by simulating the band pass and band stop IIR filters, 
respectively. 
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